A survey of participants in a large-scale business plan competition experiment, in which winners received an average of US$50,000 each, is used to elicit beliefs about what the outcomes would have been in the alternative treatment status. Participants are asked the percent chance they would be operating a firm, and the number of employees and monthly sales they would have, had their treatment status been reversed. The study finds the control group to have reasonably accurate expectations of the large treatment effect they would experience on the likelihood of operating a firm, although this may reflect the treatment effect being close to an upper bound. The control group dramatically overestimates how much winning would help them grow the size of their firm. The treatment group overestimates how much winning helps their chance of running a business, and also overestimates how much winning helps them grow their firms. In addition, these counterfactual expectations appear unable to generate accurate relative rankings of which groups of participants benefit most from treatment.
Introduction
I assess the extent to which business owners can form accurate counterfactuals about what would have happened to their business had an alternative business investment process taken place. I do this in the context of a large business plan competition carried out in Nigeria, where the winners received an average of US$50,000 each as business grants. An experimental evaluation of this program undertaken in McKenzie (2015) found that winning this competition resulted in large increases in business start-up, survival, employment growth, and sales growth. Winners in the treatment group are asked subjective expectations questions about what would have happened to their business should they have lost, and non-winners in the control group asked similar questions about what would have happened should they have won.
Assessing the accuracy of these expectations is useful for at least two reasons. First, from a program evaluation standpoint it is often difficult to accurately estimate the counterfactual, especially for programs not implemented using a randomized experiment. If applicants are able to provide accurate estimates of their counterfactuals under the alternative treatment status, this would provide a means of estimating program impacts even for programs in which no suitable control group can be found.
1 Such an approach is used in a recent evaluation of workfare by Murgai et al. (2016) . Second, from the standpoint of business economics, an important question is the extent to which firms can learn the optimal use of inputs and business practices through a process of trial and error. Often firms face so many other shocks that affect their profits and sales that economists struggle to have sufficient power to estimate the average effects of interventions in randomized experiments (e.g. McKenzie, 2011) . Recent work by Lewis and Rao (2015) has highlighted that, in the case of advertising expenditures, firms seldom have power to measure the returns of such expenditure even with millions of consumers to experiment on. The intervention studied here involves a large change to the business, and so represents a case where we might expect firms to better be able to assess the consequences of it taking place or not.
The results show that firms do not provide accurate counterfactuals even in this case of a large intervention. I find that both the control and treatment groups systematically overestimate how 3 important winning the program would be for firm growth: the control group thinks they would grow more had they won than the treatment group actually grew, while the treatment group thinks they would grow less had they lost than the control group actually grew. This systematic bias towards thinking programs will help may help explain why firms apply for a number of programs such as business training that struggle to demonstrate impacts (McKenzie and Woodruff, 2014) and suggest that the use of elicited counterfactuals is unlikely to be a good substitute for alternative forms of impact evaluation in dynamic settings. Moreover, I do not find these counterfactuals to provide accurate relative rankings of which groups benefit most from treatment, suggesting these elicited counterfactuals are also unlikely to provide a useful means of targeting programs.
The remainder of the paper is structured as follows: Section 2 discusses related literature on eliciting counterfactuals from program participants. Section 3 describes the intervention and the process of measuring counterfactuals. Section 4 provides the results, and Section 5 concludes.
Related Literature
Economists have increasingly used questions on subjective expectations in a wide variety of contexts, with Manski (2004) and Delavande et al. (2011) providing reviews for work in developed and developing countries respectively. In the specific context of understanding the impacts of policies using impact evaluations, there are two key strands of literature, differing in whether expectations are assessed before or after the intervention has taken place.
The first branch of the literature aims to assess the accuracy of ex ante expectations of policy makers and program participants as to the likely effects of an intervention. Hirshleifer et al. (2015) ask applicants to a vocational training program and policy makers involved in their program their expectations about the likely impact of training on future employment outcomes. Comparing these expectations to the estimated treatment effects, they show that both participants and policy makers greatly overestimate the impact of the program. Likewise McKenzie and Puerto (2015) find business training organizations overestimate the impact of business training, Andrade et al. (2015) find government officials overestimate the success of programs designed to formalize small firms, and Groh et al. (2015) find policy makers and academic audiences overestimate the likely effects of soft skills training. These studies therefore tend to show that expectations tend to be systematically biased in favor of the intervention before it has taken place.
This paper is most directly related to a small literature which instead considers ex post expectations of counterfactuals. Smith et al. (2011) Our setting is one which is dynamic, with firm owners attempting to grow their businesses even in the absence of taking up the program. On top of this general growth, business incomes are highly volatile, and many idiosyncratic factors can determine whether firms survive, and how much they can expand. As a result, with business start-ups, forming expectations requires more than simply saying that this year will be like all the years before unless the program is taken up.
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Intervention and Measurement
This section begins by briefly summarizing the key details of the intervention that individuals will be asked to assess the counterfactual for, before then discussing the survey questions used to measure these counterfactuals.
The YouWiN! Business Plan Competition
The Youth Enterprise With Innovation in Nigeria (YouWiN!) program is a nationwide business plan competition for young entrepreneurs in Nigeria that was launched in late 2011. Applicants applied online, and a first screening was used to invite the top 6,000 out of almost 24,000 entrants to attend a four-day business plan training course. These individuals then submitted business plans, which were scored, with the top 2,400 being selected as semi-finalists. Among the semi-finalists, those with the highest overall scores were selected as winners with probability one, and then a random draw was used to select the remaining 729 winners from a group of 1,841 semi-finalists. Winners received a grant which averaged approximately US$50,000 each, which was paid out over a period of a year in four tranches. Three followup surveys track these firms with the last survey taking place between September 2014 and February 2015. This corresponds to three years after application, and between 12 and 18 months after firms had received their last tranche payment from the program.
Applicants could apply as either a new firm with an idea for starting a business, or as an existing firm with the goal of expanding their business. Random selection was stratified by this firm type, as well as by geographic region and gender. The typical applicant in this experimental pool is aged around 30, has university education, and owns a computer. As such, concerns about the ability of individuals to think about probabilities and alternative outcomes are likely to be less than with less-educated respondents who are the focus of studies of smaller firms in developing countries. Only 17.4 percent of the sample is female, reflecting that males were much more likely to apply for the program.
In McKenzie (2015) , I use this randomized assignment and follow-up surveys to measure the impacts of this program. This is done separately for the new firm applicants and existing firm applicants, reflecting their different starting statuses. Winning is found to have large treatment impacts on both groups of firms.
By the third follow-up survey, new firm applicants are 37.3 percentage points more likely to be operating a firm, have 5.2 more workers per firm, and are 22.9 percentage points more likely to have a firm of 10 or 6 more employees. The impact on sales in the third round is positive, but not statistically significant, although an aggregate index of sales and profits shows a significant increase. By this last survey round, existing firm applicants are 19.6 percentage points more likely to be operating a firm, have 4.4 more workers per firm, and are 20.6 percentage points more likely to have reached 10 or more workers.
Winning also significantly increases sales by 338,000 naira per month (US$2153), which is a 66 percent increase on the control mean.
This setting has several favorable characteristics for considering the accuracy of counterfactuals. It involves a large treatment effect, and a relatively educated set of individuals. The intervention is a relatively simple one -the main benefit of winning being the $50,000 grant winners receive -so that it should be reasonably easy for the control group to also understand what exactly the treatment is. This contrasts with job or business training programs, where the control group is unlikely to have accurate knowledge of what the exact content of the intervention is, making it harder for them to think about likely impacts.
Eliciting Business Owner Counterfactuals
The last follow-up survey elicited counterfactuals for business ownership, employment, and sales for both groups. Applicants in the control group were asked the following questions: Question a) in both cases is a probabilistic expectation following the percent chance formulation of Dominitz and Manski (1997) and Manski (2004) , which has been used with tertiary-educated individuals in a developing country context by McKenzie et al. (2013) . In contrast b) and c) are non-probabilistic expectations questions, following the approach of directly asking what you expect used by Jensen (2009) among others. A potential critique of such questions is that it is unclear whether respondents are answering with a mean, median, mode, or something else. The reason for using such a method was to enable surveys to be done by telephone or online, in addition to face-to-face. 2 Delavande et al. (2011) provide evidence that this form of direct expectations question is strongly correlated with the mean of a subjective probability distribution, but can be more susceptible to outliers. As a result, I examine the responses for large outliers and trim one extreme outlier (noted below).
Assessing the Accuracy of These Counterfactuals
Let Y i be the realized outcome in the third follow-up survey for individual i, and E i be the counterfactual they express when answering the questions described above. Let T denote the treatment group and C the control group. Then the mean expected treatment effect of changing treatment status for group gϵ {T, C} is given by:
Where N g denotes the number of individuals in group g. This is estimated separately for the new firm applicants and existing firm applicants. The first approach to assessing the accuracy of the counterfactuals expressed by applicants is then to compare this estimate of the treatment effect to experimental treatment effects reported in McKenzie (2015).
2 Surveys were typically asked face-to-face using tablets programmed with the questionnaire. However travel restrictions in some parts of Nigeria due to the security situation meant some individuals were given phone or online surveys, with these alternative methods also used to chase up individuals who were not found on multiple attempts to interview them in person.
For the continuous outcomes of employment and sales, I also see how accurate the control group is in assessing what their outcomes would look like if they had won by comparing the distribution of the counterfactual outcome E i for the control group to the distribution of realized outcomes Y i for the treatment group. Since treatment assignment was randomized, the treatment group distribution should provide the true counterfactual for the distribution of outcomes of the control group had they been treated. 3 Likewise one can see how accurate the treatment group is in assessing what the outcomes would have been had they not won by comparing the distribution of counterfactual outcomes for the treated group to the distribution of realized outcomes for the control group.
Expectations of the Accuracy of Expectations
Ex ante one can think of several possibilities as to the likely accuracy of the counterfactuals. One possibility might be that business owners are not systematically wrong about the impact of the program, so that the average treatment impact estimated using the counterfactuals should be similar to the experimental treatment effect. One potential reason to think this is that in applying for the competition the business owners had spent four days learning how to develop a business plan, and then had to submit a detailed business plan outlining how they would use the grant to develop their business. The control group have therefore all had to previously make projections and plans for business growth based on what would happen if they won, so that we are asking about a counterfactual they have spent time thinking about.
A second possibility is that behavioral factors lead to systematic biases in how individuals think of these counterfactuals. For example, the treatment group may wish to attribute their success to their own hard work and talent rather than to winning the program, in which case they would underestimate the program effect. Conversely they may fail to take account of the progress they would have made anyway, attributing all their growth to the program and overstating the effect. The control group might want to make themselves feel better about missing out on the program by understating its impact (therefore saying to themselves that not winning does not matter that much). Conversely they may want to make themselves feel better about their current level of business success by overstating the impact of the program (saying to themselves I may be small today, but it is only because I did not win and if I had that grant I would be very successful).
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As such there are plausible reasons why counterfactuals may be accurate, but also plausible reasons why they could be biased in either direction. Figure 1 plots the distribution of responses to the percent chance that control group firms would be running a business had they won the business plan competition (and hence been treated). Among the control group, 50.4 percent of new firm applicants and 76.3 percent of existing firm applicants are running businesses (Table 1 , column 2). We see from Figure 1 that the modal response is for them to believe there is a 100 percent chance they would be running a business had they won. The third column of In both cases the treatment effect using the counterfactuals lies within the relatively narrow confidence intervals of the experimental treatment effect. So in this case the control group is providing a reasonably accurate counterfactual. However, note that the treatment group has very high business ownership rates (96 and 97 percent as per column 2), making the upper bound of 100 percent not that over-optimistic. As a result there is relatively little room for applicants to overstate the treatment effect here. Figure 2 shows much wider dispersion in the responses of the treatment group to the percent chance that they would run a business had they not won the business plan competition. For both new and existing applicants the mode is at 50 percent, with approximately 17 percent of firms in both cases giving this response. Heaping at 50 percent is sometimes interpreted to reflect uncertainty (de Bruin et al. 2000) .
Results
Counterfactuals about the Likelihood of Operating a Business
However, the fact that we do not see this same heaping at 50 percent for the control group's responses suggests that in our case the mass at 50 percent may largely be genuine (although reflecting some rounding).
Applying the same approach as for the control group, the bottom two rows of Table 1 show that the treatment effect estimated using the counterfactual responses is 45.2 percent for new applicants in the treated group and 41.5 percent for existing applicants. Both of these lie above the experimental treatment effect 95 percent confidence interval, with the estimate for the existing businesses particularly overstated. They appear to be overestimating how much the grant has helped their firm to survive, with their mean expected chance of operating a business of 55 percent more than 20 percentage points below the rate at which the control group existing firms are actually operating. To examine the sensitivity of this result to the heaping at 50 percent, as a robustness check I randomly remove half of the existing firm treated group that report 50 percent. This only raises the mean percent chance of running a business to 55.6 percent from the 55.1 percent reported in Table 1 . Hence the heaping at 50 percent is not responsible for the large overestimation of the treatment effect by treated existing firms.
Counterfactuals about the Size of the Firm: Number of Employees and Sales
Our counterfactual question on employment asks about the number of employees conditional on being in business. Column 2 of Table 2 shows that the control group averages 6.9 (new firms) and 7.6 (existing firms) employees, while the treated firms are larger at 9.7 (new firms) and 10.2 (existing firms) employees.
Columns 3, 4, and 5 of this table provide the mean employees given in the counterfactual, a trimmed mean which drops the top 5 percent to alleviate the concerns previously mentioned about the format of this question being susceptible to outliers, and the median response. The last two columns then contain the estimated treatment effect using the counterfactual and the experimental treatment effect respectively.
4
Consider the control group firms. On average they expect that they would have 23 employees had they won the business plan competition, which is more than twice the actual mean level reported by the treated firms. Trimming the mean or using the median still results in a large overstatement. As a result, the estimated average treatment effect of 16 workers using this counterfactual is much larger than the experimental treatment effects of 2.2 to 2.5 workers. Figure 3 examines this overstatement of the treatment effect across the distribution by comparing the distribution of counterfactual employment reported by the control group to the actual distribution of employment for the treatment group. We see the counterfactual distribution lies to the right of the actual distribution at all quantiles, confirming that the control group overestimates the size their firm would be if they had won.
The treated group firms in contrast underestimate how many employees they would have if they had not won, and therefore also overstate the impact of the program. The estimated impact using the counterfactuals they report is 5.9 to 6.5 workers. While outside the confidence intervals for the experimental treatment effects, they are much closer than the control group were. Figure 4 confirms this.
We see the general tendency across quantiles for the treated group to underestimate what their employment would be if they did not win, but that the gap between their counterfactual distribution and the control distribution is not as large as was the case in Figure 3 .
The results are similar for sales. Figure 5 shows that for both new and existing firms, the control group expects that sales would be greater had they won than sales actually are for the treatment group, therefore overstating the treatment impact. Figure 6 shows that the treatment group expects sales would be lower had they lost than sales actually are for the control group, therefore overstating how much they have benefited from winning. In particular they do not expect to see the very high levels of sales reported by some of the control firms.
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Taken together, these results provide strong evidence that business owners in this program do not report accurate counterfactuals, but instead overestimate how important the program is for business growth.
This is in spite of the program having large and significant treatment effects, it is just that firms expect even larger impacts. This result that participants in a program over-estimate the benefits of it is consistent with work showing that the ex ante expectations of policy makers developing programs and individuals participating them also tend to be overstated (e.g. Hirshleifer et al, 2015; Groh et al, 2015) .
Relative Ranks and Heterogeneity
Even if the expectations are inaccurate in terms of levels, are they useful in terms of telling us which groups will benefit most from treatment? To examine this question, I take the group with the highest sample size -the control group new applicants -and examine heterogeneity in their employment counterfactual expectations by some key observable characteristics: gender, education, ability (measured 12 by digitspan recall), and location of business. Table 3 reports the resulting treatment effects according to these expectations, and compares them to the estimated experimental treatment effects.
Unfortunately for the purpose of this exercise, in this context there is not significant heterogeneity in treatment effects according to any of these observable differences. We see two key results in Table 3 .
First, every single group dramatically overestimates what the employment impact of winning the competition would be -so it is not the case that expectations are accurate for one gender and not for another, or accurate for university-educated participants and for less educated participants, etc. Second, the rankings of treatment effects according to counterfactuals are inaccurate with respect to the rankings according to the experimental treatment effects. For example, males expect a higher treatment effect than females, but if anything the female effect is larger; those in the cities of Abuja and Lagos expect higher treatment effects, but if anything have lower treatment effects. While limited, this evidence casts doubt on the ability of this method to target interventions at who benefits most.
Conclusions
I find that participants in a business plan competition do not provide accurate counterfactuals when asked what would have happened had they had the alternative treatment status. Instead both the treatment and control groups appear to systematically overestimate how important winning the competition is or would be for the growth of their businesses. In addition, the counterfactuals also appear inaccurate for generating relative rankings of which types of businesses benefit most from treatment.
Although these results only apply to one experiment, they are consistent with a broader body of literature showing that policy makers and program participants tend to have over-optimistic ex ante expectations about how effective different policy interventions are likely to be. The difference here is that these beliefs are not corrected even after having experienced the program. Replication in other experimental settings in which the intervention had less impact would be welcome, but the current results suggest that eliciting counterfactuals directly from program participants is unlikely to provide an accurate way of assessing the impact of a program in settings in which change would occur even without a program. 
